This work presents an actionable knowledge discovery system for real user needs with three steps. In the first step, it extracts and transforms existing data in the databases of the ERP and CRM systems of the sports facilities and loads them into a Data Warehouse. In a second phase, predictive models are applied to identify profiles more susceptible to abandonment. Finally, in the third phase, based on the previous models, experimental planning is carried out, with test and control groups, in order to find concrete actions for customer retention.
Introduction
The sports services sector is characterized by a high dropout rate [1] . In Portugal, according to the Fitness Barometer of the Association of Portuguese Gymnasiums and Academies [2] overall dropout rate in 2016 was 69% corresponding to a retention rate of 31%.
Actionable Knowledge is the knowledge required to initiate changes in the operational environment in order to create value. In this customer retention work we reuse some concepts of Database Marketing [3] and IDIC model (Identify, Differentiate, Interact, Customize) [4] . We intend to use existing data to identify the regular sports users services at risk of moving out, differentiating them from the rest through machine learning techniques and to interact with them using personalized loyalty actions. The proposed model, which includes the data preparation, the profile discovery using predictive models and the loyalty actions with evaluation, can be presented in the following schematic form:
Data ! Models ! Loyalty This document has the following structure. In Sect. 2, a brief approach is given to a related work that has been done in the area of sports service retention and in the application of predictive analysis in retention. In Sect. 3, we present the data preparation methodology. In Sect. 4, we introduce the predictive model applied to the data presented in the previous section and measure the results obtained. In Sect. 5, we approach the planning of experiences and the actions of loyalty that can be introduced. In Sect. 6 we present not only a proposal that allows us to measure the results obtained, but also a conclusion on the effectiveness of the loyalty actions. Finally, in Sect. 7 we present the contributions of the work.
Related Work
Studies [1, 5] carried out in the area of sports service retention generally conclude that user retention and loyalty is related to the quality of the facilities, staff and the overall quality of services provided, results which have been used by sports facilities management. This type of work is always based on surveys carried out on a sample of the population, which suggests the search for other methods to measure or ensure a lesser character generic and that allows to activate mechanisms directed to users in predropout phase.
In addition to two studies [6, 7] applied to fitness and regular sport services, there were no other studies in the area of data mining applied directly to data obtained in sports services. However, the problem of high drop-out rates/low retention rates in other types of services has led to such churn prediction, especially in telecommunications, where high dropout rates are also observed. However, given the large size of databases and costs involved, most studies in this area use small samples of customer records, which may result in poor reliability and validity of the results obtained [8] .
In order to focus their efforts on the clients they are most likely to meet and/or those who will be most profitable, companies seek to identify patterns and needs in customer groups (segmentation process). There are simple methods that do not require predictive models are RFM and RM [9] based on properties such as the Recency (when the customer's last visit occurred), Purchasing Frequency and the overall Monetary value.
As segmentation methods that use predictive models Siegel [10] refers to the Lift and Uplift models. Lift identifies customers who are most susceptible to a particular communication or marketing action. Uplift, in order to learn how to distinguish influential clients -those who make a difference in doing some treatment -learns from customers who have been contacted and those who have not been contacted, so it is necessary to use two data sets to train the model, a group of clients who are "treated"treatment group -and another group of clients who are not -control group. The Uplift method also uses data mining techniques to segment through Uplift trees that, similar to decision trees, use attributes to automatically identify subgroups, but in a different way, try to identify extreme segments by the difference of treatments, identifying segments that are particularly influential.
Once one tries to define profiles of behaviors that lead to abandonment, it is necessary to find characteristics or attributes that somehow allow to trace those profiles. Work related to retention in sports services [1, 5, [11] [12] [13] allows systematizing and identifying attributes necessary to characterize users and their behavior, both those who continue to use the services and those who leave, and that can be found in the databases of the computer systems of these facilities: (1) demographic attributes such as age and gender; (2) Attributes related to contracting the service such as contracted frequency, number of months of enrollment and turnover (LTV); (3) Attributes related to frequency such as actual frequency, average frequency and number of days without visiting the premises; (4) Other attributes related to quality of service such as complaints or other manifestations of dissatisfaction, contacts made, assessments of the physical condition or any other type of evaluation.
Preparation of Data
Considering the need to obtain records with the attributes of the type indicated in the referred groups, it was considered a Lisbon sport facility database that uses a market application (e@sport) to which Extract, Transform and Load (ETL) processes were applied, as described by Trujillo [14] , considering the entire history of users who were (or still are) enrolled in aquatic or fitness activities between 01/June/2014 and 31/October/2017.
According to the first step of Database Marketing is intended to create a data warehouse with a fact table where will reside the relevant attributes that will support the predictive model. Since the performance of some Machine Learning techniques is limited to the manipulation of values of a certain type or the performance itself is influenced by the range of values [15] , in addition to the attributes directly mapped from the source database, some attributes have been transformed, discretized through numeric-symbolic conversions, or created new attributes that derive from classifications and transformations made on the original data or attributes. As so the ETL process resulted in the construction of a fact table in the data warehouse with 51 relevant attributes, although only forty-five have valid data. Relevant attributes, such as those related to the quality of the service were not filled due to lack of data. The attributes considered are presented in Table 1 . Table 1 shows that some attributes have variations that correspond to derivations that aim to discretize the value of the original attribute, and sometimes more than one method has been used. The Hughes method [16] (classification A -attributes whose name starts by class) was used in attributes Number of months of enrollment, Turnover, Number of days without attendance, Average frequency, Total number of frequencies, Number of classes and Average frequency of classes.
Through the indications obtained in the referenced literature, variant attributes were also added in a second classification (classification B -attributes whose name begins with class2) from the base attributes: Days without frequency, Age, Number of months of enrollment, Average frequency, Ratio (real frequency/contracted frequency) and Training duration.
In addition to the referred operations on the attributes, situations of missing values were also corrected through the strategy of removing the respective records.
Since most users of the sports facility practice aquatic or fitness activities, the users were grouped in three different fact tables according to the activities that they practiced during their frequency. After the execution of all ETL processes the final number of records is presented in Table 2 .
The Predictive Model
To build and validate the predictive model we used Microsoft SQL Server Analysis Services Designer Ver. 13.0.1701.8. This product provides a classification algorithm, Microsoft Decision Trees, based on decision trees that are, according to several authors [7, 10, 17] , adequate and most used in studies related to retention where we need to predict a class from a nominal attribute. In this case, the Withdrawal attribute is the attribute that we want to predict (the target attribute). By definition we considered the value 1 to classify a Dropout user and the value 0 for an Active user. In addition, decision trees produce human readable results which is very useful in this case.
The algorithm used evaluates the available attributes by punctuating each attribute according to the information it provides and proposes the construction of models based on the most scoring attributes. Since some attributes result from different forms of classification or discretization of the same characteristic, the proposed models eventually use redundant attributes. Gama et al. [15] states that since the process of constructing a tree selects the attributes to use, they result in models that tend to be quite robust in relation to the addition of irrelevant and redundant attributes. However, it is desired to obtain models with significant predictive capacity and that at the same time lead to actionable profiles redundant attributes should be avoided. The elimination of the redundant attributes of the proposed models resulted in several models in which adjustments were made to obtain shallower trees with leaves that always have a number of examples greater than fifty. Table 3 present the evaluation metrics for each model obtained with the Holdout method considering 70% of data for training and 30% for testing of the models.
If it is not possible to consider a substantially better model among the models created, the choice on the model to be used falls on the model Ret71 created on the basis of all the users and that presents a tree in which the attributes used are less redundant and have fewer nodes (Principle of Parsimony/Occam's Razor) since it reduces complexity, minimizes the possibility of overfitting and facilitates the creation of actions in the next phase. Figure 1 presents the correlation diagram between the attributes used in the chosen model that results the tree shown in Fig. 2 . 
Fig. 1. Correlation diagram between the attributes used in model Ret71
In each leaf of the tree there are examples that correspond to users quitting and examples that correspond to active users. The relationship between these quantities defines, on each leaf, a probability's threshold of withdrawal for the set of rules that define it. It is thus possible to draw dropout profiles from the rules on each leaf that shows a dropping rate above a considered threshold.
Considering, for example, a 90% dropout threshold, we found in the decision tree of Fig. 2 some leaves with upper thresholds, from which we can construct the profiles of Table 4 .
Loyalty: Planning the Actions
In order to concentrate the efforts to increase the retention rate in groups more susceptible to abandonment of the sport, a bottom-up approach was adopted, according to Gorgoglione [18] , and it is proposed the application of loyalty actions on the segmentation obtained with the predictive model referred to in the previous section, which obeys the segment utility criterion according to Kotler [19] , which indicates that segmentation is only useful if the segments meet five criteria: they are measurable, substantial, accessible, differentiable and actionable.
For each of the actionable profiles obtained with the predictive model, a flow of conditionally sequential actions must be defined in which, at first, all the users that present this profile are the target of the first action. Secondly, only the users who did not change their behavior are the target of the second action, and finally, in a third moment, only the users who did not change their behavior after the first and second actions are the target of the third action. If the change in characteristics and behavior of the user no longer places it on the leaf of the tree where it was initially placed, the user is no longer the target of this sequence or flow of actions. If this change fits into a target segment of another workflow, then the user is now framed in the flow of actions provided for the new profile.
Since it is expected that at each stage at least some of the target users of the corresponding action will change their behavior in order to not become dropouts, it is proposed to implement the workflow in three stages starting with the email, where the cost is practically zero, followed by the use of SMS and finally the personal contact, thus constructing a pyramid chaining, as shown in Fig. 3 .
In addition to the cost, it is important to take into account the capacity of personalization and feedback and therefore many authors [19] [20] [21] attribute to email and phone great potential in promoting actions whose goal is to increase loyalty and retention rate.
Since the decision tree created by the algorithm may have multiple leafs where the withdrawal threshold is larger than indicated, multiple workflows with messages appropriate to the profile in which they affect can be designed and implemented. Profile D -98.42% A user who has not visited the facilities for more than 60 days but whose enrollment is less than 12 months
The possible actions to be applied at each stage of the workflow can be grouped according to their purpose into four main groups: (a) informative actions, with personalized information about the schedules that the user can attend and about the benefits included in the contracted service of which may not be making use; (b) satisfaction perception actions, namely Net Promoter Score (NPS) surveys, reasons for absences and other quality surveys; (c) offer of benefits, namely at the level of free attendance of classes of other activities not included in the contracted service, substitution classes, participation in master classes or other events, free use of sports venues, gifts or vouchers; (d) withdrawal of subscription and/or updating of consents under the General Data Protection Regulation (GDPR).
Loyalty Evaluation: A/B Tests
After defining the model described above, it is necessary to evaluate its effectiveness according to the following hypotheses:
H0: After performing the loyalty actions, the number of dropouts is the same as if no loyalty actions had been taken; H1: After performing the loyalty actions, the number of dropouts is lower than if the loyalty actions had not been carried out.
The determination of which of the hypotheses occurs in a certain confidence interval will allow us to conclude whether or not there is a causal relationship between the application of the actions to the constructed profiles and the reduction of the number of withdrawals. It is proposed to validate hypotheses by planning experiments with the configuration indicated in Table 5 . The experiments are constructed through the implementation of A/B tests and evaluated through the chi-square method, which will allow to gauge a statistical conclusion for the problem in question.
A/B tests are used by manipulating a causal variable and where it is sought to determine the impact of this manipulation on two different groups of individuals, one experiencing the experiment and the other does not. In this case, the groups are created by splitting the target users of the actions directed to a profile in two groups of users: those on whom the loyalty actions are applied, the test group (t), and another group on which they will not be applied, the control group (c).
For the creation of groups it is proposed that their constitution be made at the beginning of the experiment by dividing in equal parts the users who present the profile defined by the leaf of the tree on which the set of actions is intended to be applied. Since the users that present the profile have different dropout probability, it is proposed to sort them in descending order of that probability, alternating their placement in each of the test and control groups until exhaust the users. This process, although not purely random, creates homogeneous and equivalent groups in terms of probability of withdrawal, which allows avoiding problems with validation in terms of selection for group composition and generalization of experience results [22] .
The application of the chi-square method to these groups should have two objectives so it must be done in two steps. In a first step, the application of the method must be done after each action, which will allow a performance evaluation of the action in concrete. In a second step, the application of the method must be done after all actions have been taken to evaluate the model as a whole.
The application of the method can be carried out by the construction of a matrix where the observed (O) and expected values (E) of the number of users who have withdrawn and do not give up at the beginning and after the application of each action or after all actions have been taken, in the case of overall assessment.
If the result obtained for the overall evaluation of the model has a confidence level higher than 95%, H0 can be rejected and it can be concluded with statistical relevance that after performing the loyalty actions, the number of dropouts is lower than if no loyalty actions had been taken.
Conclusions
With this work we try to present a valuable contribution to increase loyalty and retention rates in regular sports services through the development of a system that generates actionable knowledge based on real data.
Based in database marketing concepts this Actionable Knowledge Discovery System is based on three steps:
• Use real data from the ERP and CRM systems to extract records and attributes that characterize the behavior of the users that dropout; • To obtain segments and profiles through the construction of predictive models that allow in a certain threshold of certainty to differentiate the users who dropout from the other users;
• To interact with users who are about to give up by implementing loyalty actions specifically directed to the characteristics of the profiles where each user fit; the value-added of loyalty actions is measured using A/B tests.
This actionable knowledge discovery system was developed in Cedis enterprise and is being implemented in two final customers before GDPR came into effect.
